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.2012.10.Abstract The date fruit, which is produced mostly in the hot arid regions of Southern Asia and
North Africa, in large quantities, is marketed all over the world as an important crop. Date grading
is an important process for producers and affects the fruit quality evaluation and export market. In
this research Mamdani fuzzy inference system (MFIS) was applied as a decision making technique
to classify the Mozafati dates based on quality. Two date parameters including the length and fresh-
ness were measured for 500 date fruits. These dates were graded by both a human expert and MFIS.
Grading results obtained from fuzzy system showed 91% general conformity with the experimental
results.
ª 2012 King Saud University. Production and hosting by Elsevier B.V. All rights reserved.1. Introduction
Mozafati is the most valuable variety of the dates in Iran and
contains 28% date production of this country which is the sec-
ond world producer (Anon., 2010). Automatic segregation of
various date fruit cultivars required a deep knowledge of each
cultivar physical characteristics. The aim of grading is to pro-
duce packed fruit which is uniform in size, shape, color, texture
and moisture. For each variety the standards are different.
Client’s requirements can also determine the criteria during
grading. For example varieties with a certain texture can be
mechanically sorted for size using sorting machines (Zaid,
2002). Relatively few papers on date quality evaluation have3222043.
ail.com.
Saud University.
g by Elsevier
y. Production and hosting by Else
001appeared in the literature. Based on the evaluation criteria,
they can be categorized into: dryness (Wulfsohn et al., 1993),
ﬁrmness (Schmilovitch et al., 1995), moisture (Dull et al.,
1991; Schmilovitch et al., 2003, 2006), and automatic date
grading (Lee et al., 2008).
AL-Janobi (1998) applied the line-scan based vision for
inspecting fast moving date fruits on a grading conveyor belt,
where it is capable of determining the color/quality of date
fruits. Al-Janobi (2000) developed a color computer vision
system consisting of a microcomputer with an image frame
grabber and a charged-coupled device (CCD) color camera
for sorting and grading Saudi dates based on color threshold
technique. Many attempts have been made to make this pro-
cess more efﬁcient by automatic grading, but, owing to the
complexity of the processes and the difﬁculty of imitating
human senses, especially that of vision, no perfect solution
has yet been found for date grading without human hands.
Self-learning techniques such as neural networks and fuzzy
logic (Zadeh, 1965) seem to represent a good approach. Fuzzy
logic is an extension of Boolean logic dealing with the concept
of partial truth. In recent years, more and more applications ofvier B.V. All rights reserved.
138 N. Alavifuzzy theory to agriculture have been reported: Chao et al.
(1999) used a neuro-fuzzy based image classiﬁcation system
that utilizes color-imaging features of poultry viscera in the
spectral and spatial domains was developed for this approach.
Combining features of the chicken liver and heart, a general-
ized neuro-fuzzy model was designed to classify poultry viscera
into four classes. The classiﬁcation accuracy was 86.3% for
training and 82.5% for validation. Verma (1995) developed a
fuzzy decision support system (DSS) to aid decisions related
to quality sorting of tomatoes. Lameck et al. (2002) used appli-
cation of fuzzy-neural network in classiﬁcation of soils using
ground penetrating radar imagery. Classiﬁcations of uniform
plant, soil, and residue color images were conducted with fuzzy
inference systems by Meyer (2004). Mazloumzadeh et al.
(2008) used the Mamdani fuzzy inference system (MFIS) to
evaluate and classify alternative date harvesting machines in
the Iranian date harvest industry. The results obtained with MFIS
showed an 86% agreement with those obtained by an expert.
Grading and classiﬁcation using fuzzy logic are always successful
and may be better than conventional approaches, as shown by
Simonton (1993), Chen and Roger (1994), Mirabbasi et al.
(2008), Mazloumzadeh et al. (2008, 2009) and Alavi et al. (2010).
The main purpose of this study was to introduce a method
of date quality grading using fuzzy logic and to compare the
accuracies of the predicted results with grades directly
suggested by a human expert.
2. Material and methods
2.1. Fuzzy logic
Fuzzy logic provides a methodology to model uncertainty and
the human way of thinking, reasoning and perception. In
classical models variables have real number values, the rela-
tionships are deﬁned in terms of mathematical functions, and
the outputs are numerical values ‘‘crisp’’. Models with fuzzy
logic have variables which inﬂuence system behavior and rela-
tionships among the variables which describe the system. In
fuzzy logic, the values of variables are expressed by linguistic
terms such as ‘‘large, medium, and small’’, the relationships
are deﬁned in terms of if-then rules, and the outputs are fuzzy
subsets which can be made ‘‘crisp’’ using defuzziﬁcation
techniques. The crisp values of system variables are fuzziﬁed
to express them in linguistic terms. Fuzziﬁcation is a method
for determining the degree of membership that a value has
to a particular fuzzy set. This is determined by evaluating
the membership function of the fuzzy set for the value. A mem-Figure 1 An example of: (a) clbership function is a mathematical function, which deﬁnes the
degree of an element’s membership in a fuzzy set. A fuzzy sub-
set A is deﬁned by a membership function, lAðtÞ where lAðtÞ is
the domain of the variable on which A is deﬁned. The value of
lAðtÞ for each t determines the degree to which each element in
the domain belongs to A. Although both classical and fuzzy
subsets are deﬁned by membership functions, the degree to
which an element belongs to a classical subset is limited to
being either zero or one. On the other hand, in fuzzy logic
the degree to which an element belongs to a subset may be
any value in the interval [0, 1]. Since lAðtÞ for a fuzzy subset
may be deﬁned by any function, it is easy to see that a classical
subset is a special case of a fuzzy subset. Memberships for clas-
sical and fuzzy subsets are shown in Fig. 1.
2.2. Fuzzy inference system
Zadeh (1965) introduced the theory of fuzzy sets. This theory
proposes making the membership function operations over the
range of real numbers [0, 1]. New operations for the calcula-
tion of logic membership functions were proposed and showed
to be a reasonable tool to generalize classic logic. The use of
linguistic variables and mathematical relationships in this tech-
nique, gives the decision making process more adequacy. Fuz-
zy logic systems are particularly suited to model the
relationship between variables in environments that are either
ill-deﬁned or very complex. Fuzzy systems provide the means
of representing the expert knowledge of humans about the pro-
cess in terms of fuzzy (IF–THEN) rules. A fuzzy rule is the ba-
sic unit for capturing knowledge in fuzzy systems. A fuzzy rule,
like a conventional rule in artiﬁcial intelligence, has two com-
ponents: an ‘if’ part and a ‘then’ part which are also referred to
as antecedent and consequent, respectively.
The Sugeno and Mamdani types of fuzzy inference systems
can be implemented in the fuzzy logic toolbox of MATLAB
(Mathworks, 2004). When the output membership functions
are fuzzy sets, the MFIS is the most commonly used fuzzy
methodology (Mazloumzadeh et al., 2008). The main idea of
the Mamdani method is to describe the process states by lin-
guistic variables and to use these variables as inputs to control
rules (Mamdani and Assilian, 1975). In MFIS which is a par-
ticular type of fuzzy inference system, in addition to knowledge
base and a fuzzy inference engine, there is a fuzziﬁer that
represents inputs numerical as fuzzy set, and a defuzziﬁer that
transforms the output set to crisp (Fig. 2).
To apply the technique, a total of 500 Mozafati dates were
selected. For all dates, membership functions of the date lengthassical set, and (b) fuzzy set.
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Figure 2 Block diagram of a fuzzy inference system (Mirabbasi
et al., 2008).
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Figure 3 Membership functions for the date length (cm).
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Figure 4 Membership functions for the date freshness.
Figure 5 Membership functions for the date grading.
Table 1 Developed fuzzy rules.
Fruit length Fruit freshness
Poor Medium Good
Very poor Very poor Very poor Medium
Poor Very poor Poor Medium
Medium Poor Medium Good
Good Poor Medium Very good
Excellent Medium Very good Very good
Table 2 Some properties of MFIS.
MFIS properties Method
Decision method for fuzzy
logic operators AND
(intersection)
‘MIN’
Decision method for fuzzy
logic operators OR (union)
‘MAX’
Implication method ‘MIN’
Aggregation method ‘MAX’
Defuzziﬁcation ‘CENTROID’ (center of gravity)
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Poor, Medium, Good, and Excellent’’ (Fig. 3) and membership
functions of the date freshness parameter were recorded in
three quality features ‘‘Poor, Medium, and Good’’ (Fig. 4).
For the date length membership functions (Fig. 3), the largest
dimension of fruits was measured and recorded as the fruit
length and ﬁve levels of (0–2.5), (1.5–2.5), (2–3), (2.5–3.5)
and (3–4) were allocated to Very poor, Poor, Medium, Good
and Excellent classes and for fruit freshness membership
functions (Fig. 4), three levels of (0–13), (5–15) and (7–20) were
allocated to Poor, Medium and Good classes. Based on expert
date grower knowledge, Fig. 5 shows the output of fuzzysystem in ﬁve quality features ‘‘Very poor, Poor, Medium,
Good, and Excellent’’. Many researchers have investigated
techniques for determining rules, and expert knowledge is the
one most commonly used (Mazloumzadeh et al., 2008). In this
study the set of rules based on date growers’ expert knowledge
to construct the fuzzy model are given in Table 1. The MFIS
used here has 5 · 3 = 15 rules based on the membership
functions considered for inputs. An example of rule deﬁnition
is If fruit length is ‘‘Good’’ and fruit freshness is ‘‘Medium’’
then fruit is ‘‘Good’’. The fuzzy system is implemented using
some fuzzy inference system properties in Table 2.
3. Results and discussion
Determination of membership functions in terms of shape,
boundaries and overlapping has a signiﬁcant effect on the
MFIS output. This greatly depends on the expert knowledge.
Figure 6 An example of MFIS output evaluation.
Table 3 Evaluation results of the MFIS and 500 date fruits.
Fruit
number
Fruit
length
Fruit
freshness
Output
score
Fuzzy evaluation using
Fig. 6
Expert
evaluation
Agreement of
evaluations (%)
1 2 15 0.34 86% in Poor and 14% in
Medium
Poor 86
2 2.8 10 0.42 19% in Poor and 81% in
Medium
Medium 81
3 2.2 9 0.27 83% in Poor and 17% in
very poor
Poor 83
4 1.5 11 0.15 100% in Very poor Very poor 100
5 3.9 18 0.77 61% in Excellent and 39%
in Good
Excellent 61
6 4 15 0.70 100% in Good Good 100
7 2.5 13 0.39 33% in Poor and 67% in
Medium
Medium 67
8 2.7 13 0.46 Medium Medium 100
9 2.3 11 0.22 49% in Poor and Poor 49
. . . . 51% in Very . .
. . . . Poor. . .
. . . . . . .
.
500 3.4 18 0.69 15% in Medium Good 85
and 85% in Good
The average conformity between MFIS and expert 91
140 N. AlaviFinding the accurate shape and the boundaries for the mem-
bership functions increases the accuracy of the results. In this
research some properties of applied system, such as member-
ship functions’ shape, threshold, which is to determine the
overlapping amount and condition among the membership
functions, input and output levels, and rules, were tested to
ﬁnd the optimum results. Results showed with applying Gauss-
ian membership functions for input variables and triangular
and trapezoidal membership functions for output improved
the accuracy. This results show fuzzy logic has been able to
model human expertise successfully (Table 3). The level of
agreement between the MFIS and human expert is not usually
100% because fuzzy logic gives ‘class’ membership degrees to
dates (Mazloumzadeh et al., 2009). For example, a human
expert might put a sample fruit in ‘good’ class, whereas fuzzy
logic places it as 85% in the ‘good’ and 15% in the ‘medium’
classes. In this case there is an 85% percent agreement between
the fuzzy classiﬁcation and human expert. Evaluation of each
fruit by the date grower in the grove studied is also recorded in
Table 3. It shows that fruit number three was given the maxi-
mum score of 0.27 by the MFIS. Fig. 6 shows that its fuzzy
membership degree is 82% to the ‘Poor’ class and 18% to
the ‘Very poor’ one. The grower assigned it to ‘Poor’ and there
is an 83% agreement between the MFIS result and the expert.
Table 3 shows that for dates 2, 7 and 8, the grower (human
expert) assigned them to the ‘Medium’ class, whereas the
MFIS gives them membership values of 81%, 67%, and
100%, respectively, to the ‘Medium’ class illustrating the
ranking of results by the fuzzy approach.
The rule viewer allows interpreting the entire fuzzy infer-
ence process at once (Chua et al., 2007). It also shows how
the shape of certain membership functions inﬂuences the over-
all result (MathWorks, 2004). Fig. 7 illustrates the rule viewer
given inputs: fruit length = 2.75 and fruit freshness = 10.6
then the corresponding output is the fruit evaluation equal
to 0.52.To apply the MFIS to evaluate and classify date fruits in
other regions of cultivation with different growing conditions,
the membership functions would need to be tuned to obtain
sensible evaluation results. Statistics of the class populations,
such as average, standard deviation and minimum–maximum
values, could help the determination of membership functions
Kavdir and Guyer (2003). Moreover, the shape of the member-
ship functions may be predicted by applying cluster or statisti-
cal analysis techniques to the sub-samples of the data to be
sorted. This could result in membership functions that closely
represent the output classes and, therefore, improve the classi-
ﬁcation success of the fuzzy rule-based classiﬁer. Applying
commonly used triangular or trapezoidal membership func-
tions to the quality categories of agricultural products may
not work as it would for industrial operations. This may be
due to the diversity and uniqueness of agricultural products.
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Figure 7 Rule viewer structure.
Quality determination of Mozafati dates using Mamdani fuzzy inference system 141Membership functions to be used for agricultural applications
should contain the non-linearity that exists between the input
features and output categories. The nature of agricultural sys-
tems creates the need for modeling systems that are robust,
noise tolerant, adaptable for multiple uses, and are extensible.
For example, the average date fruit size of Porkoo and Ka-
root varieties is 3.5 and 4 cm, respectively (Anon., 2010),
whereas it is 3 cm in the studied region. Therefore, membership
functions of fruit length must be modiﬁed for different date
varieties.
Lee et al. (2008) developed a machine vision system for
automatic date grading using digital reﬂective near-infrared
imaging. They could grade date samples with an accuracy of
87%. Fuzzy logic in date grading has not been used yet as a
grading technique in date industry, but many studies show it
is a powerful technique for grading and classifying. For exam-
ple Shahin and Tollner (1997) obtained 72% classiﬁcation
accuracy in classifying apples according to their water core fea-
tures using fuzzy logic. Kavdir and Guyer (2003) used fuzzy
technique for apple grading. Grading results obtained from
their system showed 89% general agreement with the results
from the human expert. They combined trapezoidal or triangu-
lar membership functions with an exponential function, as in
their study, improved classiﬁcation accuracy of the system.
In this research fuzzy logic was successfully applied to serve
as a decision making technique in grading dates.
The application of soft computing techniques such as fuzzy
logic to fruit classiﬁcation will enhance the automation in this
sector. In future studies, the performance of classiﬁcation
based on fuzzy logic should be compared with other mechan-
ical and automated sorting techniques in addition to manual
sorting.
4. Conclusion
In this research, a two input, one output MFIS in fuzzy tool-
box of Matlab software was used for date grading. Grading re-
sults obtained from fuzzy logic showed a good generalagreement (91%) with the results from the human experts, pro-
viding good ﬂexibility in reﬂecting the expert expectations and
grading standards into the results. This model demonstrated
that, date fruit quality evaluation based on this method is more
exact than experts, and provides a better representation of date
grading.Acknowledgements
The authors would like to extend their appreciation to the
anonymous referees and the editor for their constructive
comments.
References
Alavi, N., Nozari, V., Mazloumzadeh, S.M., Nezamabadi-pour, H.,
2010. Irrigation water quality evaluation using adaptive network-
based fuzzy inference system. Paddy and Water Environment.
http://dx.doi.org/10.1007/s10333-010-0206-6.
AL-Janobi, A.A., 1998. Color line scan system for grading date fruits.
ASAE Annual International Meeting, Orlando, Florida, USA, 12–
16 July, ASAE Paper No. 983028.
Al-Janobi, A.A., 2000. Date inspection by color machine vision.
Journal of King Saud University 12 (1), 69–79.
Anon., 2010. Iranian ministry of agricultural statistics. <http://
www.agri-jahad.ir>.
Chao, K., Chen, Y., Early, R.H., Park, B., 1999. Color image
classiﬁcation systems for poultry viscera inspection. Applied
Engineering in Agriculture. 15 (4), 363–369.
Chen, S., Roger, E.G., 1994. Evaluation of cabbage seedling quality by
fuzzy logic. ASAE Paper No. 943028, St. Joseph, MI.
Chua, S.C., Wong, E.K., Koo, V.C., 2007. Performance evaluation of
fuzzy-based decision system for pool. Applied Soft Computing 7,
411–424. http://dx.doi.org/10.1016/j.asoc.2005.09.003.
Dull, G.G., Lefﬂer, R.G., Birth, G.S., Zaltzman, A., Schmilovitch,
Z.E., 1991. The near infrared determination of moisture in whole
dates. HortScience 26 (10), 1303–1305.
Kavdir, I., Guyer, D.E., 2003. Apple grading using fuzzy logic.
Turkish Journal of Agriculture 27, 375–382.
142 N. AlaviLameck O. Odhiambo, Robert S. Freeland, Ronald E. Yoder, Wesley
Hines, J., 2002. Application of fuzzy-neural network in classiﬁca-
tion of soils using ground-penetrating radar imagery. ASAE Paper
No. 023097, St. Joseph, MI.
Lee, D.-J. et al., 2008. Development of a machine vision system for
automatic date grading using digital reﬂective near-infrared imag-
ing. Journal of Food Engineering 86, 388–398.
Mamdani, E., Assilian, S., 1975. An experiment in linguistic synthesis
with a fuzzy logic controller. In International Journal of Man-
Machine Studies 7, 1–13.
MathWorks, 2004. Fuzzy logic toolbox user’s guide, for the use of
Matlab. The Math Works Inc. <http://www.mathworks.com/>.
Mazloumzadeh, S.M., Shamsi, M., Nezamabadi-pour, H., 2008.
Evaluation of general-purpose lifters for the date harvest industry
based on a fuzzy inference system. Computers and Electronics in
Agriculture 60, 60–66. http://dx.doi.org/10.1016/
j.compag.2007.06.005.
Mazloumzadeh, S.M., Shamsi, M., Nezamabadi-pour, H., 2009. Fuzzy
logic to classify date palm trees based on some physical properties
related to precision agriculture, precision. Agriculture doi: http://
dx.doi.org/10.1007/s11119-009-9132-2.
Meyer, G.E., 2004. Digital camera operation and fuzzy logic classi-
ﬁcation of uniform plant, soil, and residue color images. Applied
Engineering in Agriculture 20 (4), 519–529.
Mirabbasi, R., Mazloumzadeh, S.M., Rahnama, M.B., 2008. Evalu-
ation of irrigation water quality using fuzzy logic. Research Journal
of Environmental Science 2, 340–352. http://dx.doi.org/10.3923/
rjes.2008.340.352.Schmilovitch, Z., Zaltzman, A., Hoffman, A., Edan, Y., 1995.
Firmness sensor and system for date sorting. Applied Engineering
in Agriculture 4, 554–560.
Schmilovitch, Z., Hoffman, A., Egozi, H., Grinshpun, J., Korotin, B.,
2003. System determination of single date water content by novel
RF device. In: Presentation at the 2003 ASAE Annual Interna-
tional Conference, 27–30 July 2003, Las Vegas, Nevada, USA.
Schmilovitch, Z., Hoffman, A., Egozi, H., Grinshpun, J., 2006.
Determination of single-date water content by a novel RF device.
Applied Engineering in Agriculture 22 (3), 401–405.
Shahin, M.A., Tollner, E.W., 1997. Detection of watercore in apples
using X-ray linescans feature extraction and classiﬁcation. In:
Proceedings of the Sensors for Nondestructive Testing Interna-
tional Conference and Tour, pp. 389–400.
Simonton, W., 1993. Bayesian and fuzzy logic classiﬁcation for plant
structure analysis. ASAE Paper No. 933603, St. Joseph, MI.
Verma, B., 1995. Application of fuzzy logic in post harvest quality
decisions. Proceedings of the National Seminar on Post harvest
Technology of Fruits. University of Agricultural Sciences, Banga-
lore, India.
Wulfsohn, D., Sarig, Y., Algazi, R.V., 1993. Defect sorting of dry
dates by image analysis. Canadian Agricultural Engineering 35 (2),
133–139.
Zadeh, L.A., 1965. Fuzzy sets. Information and Control 8, 338–353.
Zaid, A., 2002. Date palm cultivation, FAO publication No. 156,
Rome.
